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Abstract

Planning for rover operations involves a sig-
nificant amount of uncertainty. With lim-
ited a priori knowledge of the area a rover
will explore, it is difficult to predict the af-
fects of actions including their duration and
the amount of resources they will consume.
In addition, the system may not even know
ahead of time all of the goals it will be asked
to achieve as new opportunities may be iden-
tified during the mission. We are develop-
ing the OASIS system to enable rovers to
generate and execute high quality mission
operations plans and to identify and exploit
new science opportunities that may arise dur-
ing the mission. OASIS combines planning
and machine learning techniques to achieve
these results. In this paper we discuss how
OASIS handles these types of uncertainties
and present results from testing the system in
simulation and on rover hardware.

Introduction

with different priorities may be posted to the system at
any time.

We have developed the OASIS (Onboard Au-
tonomous Science Investigation System) integrated sci-
ence analysis and planning system that enables planetary
rovers to generate and execute high quality mission op-
erations plans in the presence of these types of uncer-
tainty. OASIS includes a continuous planning system to
generate operations plans given prioritized science goals
and mission constraints and to monitor and repair plans
during execution. The system also includes a data analy-
sis unit that uses machine learning algorithms to perform
onboard processing of collected science data. When a
science opportunity is detected, one or more requests
are sent to the planning and execution system which at-
tempts to accomplish these additional objectives while
still achieving current mission goals.

2 OASIS

The OASIS system provides onboard science analysis
coupled with planning and execution. The system en-
ables a rover to carry out prioritized science goals com-
manded from Earth as well as opportunistic science goals
identified by onboard data analysis. Figure 1 shows the

Planetary exploration by its nature involves a significantain components of the OASIS system and how they in-
amount of uncertainty. The objective of such missionsteract to analyze data and re-task the rover to respond to
is to gather information about previously unknown ar- OPPOrtunistic science events. OASIS consists of the fol-
eas. As such, little a priori information may be available lowing components:
about the nature of the terrain a rover must explore or thé?lanning and Scheduling: generates operations plans
obstacles that it will encounter. This makes it challeng- for mission goals and dynamically modifies plan
ing to develop an operation sequence as it is difficult to in response to new science requests.
estimate the time and resources required by rover actiVigyecytion: carries out the rover functional capabili-
ties. . . . ties to perform the plan and collect data. Oasis
In addition, we are developing technologies that en-  1p) [Simmons and Apfelbaum, 19p®r its Ex-
able rovers to identify potentially interesting science op- ecutive and the CLARAtNesnaset al, 2003

portunities on their own. This will provide important ca- functional layer for low-level robotic capabilities.
pabilities for rovers such as enabling rovers to identify

opportunities that might have otherwise gone unnoticed €ature Extraction: detects rocks in images and ex-
or to take advantage of short-lived science opportunities ~ tracts rock properties (e.g. shape and texture).
such as a passing dust devil. However, this capabilityData Analysis: uses extracted features to assess the sci-
also adds another element of uncertainty to mission op- entific value of the planetary scene and to generate
erations as the rover will not know ahead of time all the new science objectives that will further contribute
science goals it will be asked to work on. New goals to this assessment.



Data Analysis Planning/Scheduling

science

alerts
novelty target signature ) optimize repair
rock .
features activities
Feature Extraction Execution
visual texture albedo shape data executive
rock detection control / functional layer

Figure 1: OASIS architecture.

The feature extraction and data analysis componentgectors can be pre-specified and an importance value as-
of OASIS have been described previously[{Pastano signed to each of the features. Rocks are then prioritized
et al, 2004. Here we will give a brief overview of as a function of the weighted Euclidean distance of their
these components and concentrate on the planning arektracted features from the target feature vector.
scheduling unit and how it supports opportunistic sci-

once Novelty Detection: detects and prioritizes unusual

rocks that are dissimilar to previous rocks encountered.
2.1 Feature Extraction We have looked at three different learning techniques for
I o . novelty detection: distance-based using k-means clus-
Our initial emphasis in OASIS has focused on imageqing “probability-based using Gaussian mixture models

analysis and the characterization of surface rocks. Rockg,q giscrimination-based using kemel one-class classi-
are among the primary features populating the Martiatie;  The general idea is that as the rover collects data

landscape and the understanding of rocks on the Surfaco?oout the rocks in an area, the machine learning tech-

IS ? first step leading to more complex regional geologi-yiq es will enable it to build a model of the characteristic
cal assessments. rocks. If a new sample falls well outside of this model,

_ Images are segmented _using a roc.k detection alggyen, it is considered novel and potentially worthy of fur-
rithm based on edge detection and tracing. Next, a set g} o, investigation.

properties is extracted from each rock. Our feature ex-
traction priorities are based upon our knowledge of how
a geologist in the field would extract information. Im- 23 Science Alert Protocol

portant features to look for and categorize include albedo™

(an indicator of rock surface reflectance properties), vi-

sual texture (which provides valuable clues to mineralUsing the above algorithms, the data analysis software
composition and geological history), shape, size, colorcan flag rocks that should be further analyzed and pro-
and arrangement of rocks. Currently our system identiduce a new set of measurement goals. We call this ca-
fies the first three of this set; future work will expand this pability the science alert since it alerts other onboard

to cover additional features. software that new and high priority science opportuni-
. ties have been detected. OASIS currently supports two
2.2 Data Analysis types of alerts. Astop and call homaelert indicates that

After features have been extracted from each rock, OAthe rover should remain at its current location until it has
SIS runs a set of data analysis algorithms to look for in-received further instructions form Earth. Such an alert
teresting rocks. Two of these algorithms can result inwould typically be reserved for situations in which data
the generation of science alerts: key target signature ananalysis has made an extremely interesting observation
novelty detection. and the rover should stay where it is to avoid the risk of

Key Target Signature: enables scientists to effi- losing the target. The second class of alertdata sam-
ciently and easily stipulate the value and importance ofle requestsn which the rover is requested to perform
certain features. Scientists often have an idea of whaan additional science measurement and then continue on
they expect to find during a rover mission and/or arewith previously scheduled activities. Achieving this alert
looking for specific clues that reflect signs of life or wa- may require the rover to change its heading or possibly
ter (past or present). Using this technique, target featurés position.



2.4 Planning and Scheduling system is a set of prioritized science requests and con-
The objectives of OASIS's planning and schedulingStramts on the time and energy available for carrying out

component is to maximize the value of the science that j{he mission. The initial plan maximizes the value of sci-
performed by the rover and to ensure that the operation@nce goals that can be achieved under these constraints.
plan satisfies rover and mission constraints. To provide ,
robust execution, the system must respond to problem&lan Execution
that might arise during plan execution, such as an activityCASPER monitors updates from the Executive as the
consuming more resource than expected. To maximizglan is executed, checking for problems that must be re-
the value of the plan, the system must exploit opportu-solved or opportunities that can be exploited. A problem
nities that arise. These may include additional availablezan occur with an activity at any point during its lifetime.
time due to an activity taking less time than expected ofFor examples, an update may indicate that there will be a
a new, highly interesting goal that has been identified byproblem with an activity scheduled to start at some time
Science Analysis. in the future. In this case, CASPER will use iterative re-
Planning and scheduling capabilities in OASIS arepair as part of the optimization loop to try to resolve the
provided by CASPEREStlin et al, 2002; Chieret al,  conflict.
200d, which employs a continuous planning technique  problems may also occur for activities that have al-
where the planner continually evaluates the current plaReady been passed to the Executive but have not yet be-
and modifies it when necessary based on new state anglin execution. In this case, CASPER will send a rescind
resource information. Rather than consider planning anessage for the problematic activity to the Executive. If
batch process, where planning is performed once for ghe Executive receives the message before the activity
certain time period and set of goals, the planner has a cukias hegun execution, it will delete it and send CASPER a
rent goal set, a current rover state, and state projectiongonfirmation. If the activity has already begun execution,
into the future for that plan. At any time an incremental the Executive will abort the activity and send an update
update to thg goals or current state may update the cugy CASPER once the activity has been aborted.
rent plan. This update may be an unexpected event (SUCh 1, £y tive itself monitors problems with activities

as "t". nelw science olppoztunltyg ora currenErLead;ng for Rhat are currently executing. If a problem is detected, it
particular resource level (such as power). The planner is s o resonsinility of the executive to abort the activity
then responsible for maintaining a plan consistent Wlthand send an update to CASPER to let CASPER know

the most current information. . . that the activity was aborted.

A plan consists of a set of grounded (i.e., time-tagged) While the first orioritv of the planni d schedull
activities that represent different rover actions and be- ie the Tirst priority of the planning and scheduling
haviors. Rover state in CASPER is modeled by a set ofystemisto ensure robust execution, it is also continually
plan timelines, which contain information on states, suchCheCklng for opportunities to increase the value the mis-

as rover position, and resources, such as power. Timesion. An update from the Executive may indicate that an
lines are calculated by reasoning about activity effect

Sactivity took less time or energy than predicted. In this
and represent the past, current and expected state of t

Ig;ése, it may be possible to achieve a goal that was not in-
rover over time. As time progresses, the actual state of uded in the initial plan. During the optimization loop,

the rover drifts from the state expected by the timelines,if all conflicts have been resolved, CASPER will select

reflecting changes in the world. If an update results in2 high priority goal from the set of unsatisfied goals and

a problem, such as an activity consuming more memadd it to the schedule. This will most likely introduce

ory than expected and thereby over-subscribing RAM new conflicts and the following optimization itgrations
CASPER re-plans, using iterative repkwebenet al. Wwill be spent trying to resolvg them. If the confhcts can
1994, to address conflict. ' beresolved, the plan score will be increased and this plan
CASPER includes an optimization framework for rea- il P& Saved as the best seen so far. _
soning about soft constraints. User-defined preferences If an opportunistic science opportunity has been iden-
are used to compute plan quality based on how well thdified by Data Analysis, CASPER will try to add it to the
plan satisfies these constraints. Optimization proceedglan. Again, this is likely to introduce conflicts and it-

similar to iterative repair. For each preference, an opti-€rative repair will be used to try to fix them. It may be
mization heuristic generates modifications that could pothat the rover's schedule is too constrained to achieve the

tentially improve the plan score. opportunistic goal. We set a timer for each opportunistic
We have developed a domain specific control a|go_goal and if the timer expires before the goal is achieved,

rithm within CASPER to support the objectives of max- the goal is permanently deleted.

imizing plan quality and ensuring robust execution. Fig- As a final check to try to maximize the use of rover

ure 2 provides a high level description of this algorithm. resources, after the optimize loop, if there are no cur-
rently executing activities, CASPER will look ahead in

Initial Plan Generation the schedule to see if a future activity can be moved up
We use a Depth First Branch and Bound algorithm toin time without causing a conflict. If so, this will result
generate the initial operations sequence. The input to thi packing the schedule, limiting rover idle time.



Input
Prioritized science goals from Earth
Time constraint
Resource constraints

Initial Plan Generation
Run Depth First Branch and Bound given initial science goals and constraints

Plan Execution
While running
Get current time
Process any updates from Executive
For each activity scheduled to start within> seconds
If activity does not contribute to an existing conflict, send to Executive
If there are conflicts in the schedule
If an activity already sent to executive is contributing, rescind activity
Optimize:
for i = 1 to numoptimizeiterations
If score of current plan is best so far, save plan
If there is an unsatisfied opportunistic science goal, satisfy it
Else, if there are conflicts, perform an iteration of repair
Else, if there are unsatisfied science goals, satisfy one from set of highest priority
science goals
Reload plan with highest score
If an opportunistic science goal has not been satisfied for djpseilimit, delete the goal
If no activities are currently executing, check if an activity in the future can be moved up in
time

Figure 2: CASPER control algorithm for rover domain.

3 System Testing obstacles the rover may have to avoid. A large focus of
our tests was to improve system robustness and flexibility
To evaluate our system we performed a series of testi a realistic environment. Towards that goal we used a
both in simulation and using rover hardware in the JPLvariety of target locations and consistently selected new
Mars Yard (Figure 3). These tests covered a wide rangecience targets and/or new science target combinations
of scenarios that included the handling of multiple, prior-that had not been previously tested.
itizgd_scie_nce targets, limited time and resources, oppor-  Another primary scenario element was dynamically
tunistic science events, resource usage uncertainty caugtentifying and handling opportunistic science events.
ing under or over-subscriptions of power and memory,For these tests, we concentrated on a particular type of
large variations in traverse time, and unexpected obstaevent, which was finding rocks with a high albedo mea-
cles blocking the rover’s path. surement (i.e., light or white-colored rocks). This setting
Our testing scenarios typically consisted of a numbemwas an example of using the data analysis algorithm for
of science targets specified at certain locations. A maparget signature, where a particular terrain signature is
was used that would represent a sample mission-site Iddentified as having a high interest level. If rocks were
cation where data would be gathered using multiple inddentified in hazard camera imagery that had a certain in-
struments at a number of locations. Figure 4 shows derest score, then a science alert was created and sent to
sample scenario that was run as part of these tests. Thike planner. If a science alert was detected the planner
particular map is of the JPL Mars Yard. The pre-specifiedattempted to modify the plan so an additional image of
science targets represented targets that would be commthe rock of interest was acquired.
nicated by scientists on Earth. These targets were typi- Other important scenario elements included adding
cally prioritized and for many scenarios constraints onor deleted ground-specified science targets based in re-
time, power or memory would limit the number of sci- source under or over-subscriptions. For instance, in some
ence targets that could be handled. The map also showissts, the rover covered distances faster than expected and
the path that was planned for the rover and the path théhe planner was able to add in additional science targets
rover actually followed. These are not necessarily thethat could not be fit into the original plan. Conversely,
same as the planned path does not account for all thim other tests, the rover used more power than expected



Figure 3: Testing with the FIDO rover in the Mars Yard.

we have more anecdotal results from our extensive test-
ing in simulation and with rover hardware in the JPL
Mars Yard.

Tests in the Mars Yard typically consisted of 20-50
meter runs over a 100 square meter area with many obsta-
cles that cause deviations in the rover’s path. Most rocks
in the Mars Yard are dark in color, thus we brought in
a number of whiter rocks to trigger science alerts during
rover traverses. Science measurements using rover hard-
ware were always images, since other instruments were
not readily available (e.g., spectrometer). However dif-
ferent types of measurements were included when testing
in simulation.

As a final test of our system, we performed a several
hour long demonstration in October 2004. This demon-
stration covered the elements previously presented in this
section. Further, the combination of science targets used
had not been previously tested with. This set also in-
cluded a science target that was selected that day by a
present Mars Exploration Rover (MER) scientist. Rocks

Figure 4: Example scenario. intended to cause science alerts were also placed in new
locations not previously used. Overall, the demonstra-
tion was very successful. Two scenario runs were per-

during traverses (or science measurements), which evefermed. Both had multiple targets with time or resource
tually caused a power over-subscription. The planner reeonstraints preventing all targets from being included in
solved this situation by deleting some lower priority sci- the initial plan. In the first run a number of science alerts
ence targets. Unexpected energy drops during a traverseere correctly identified and handled. This run also had
could also be handled by the executive, which detect&n additional science target added dynamically in the
the shortfall and stops the current traverse if there is notun due to the rover traveling faster than estimated. In
enough energy to complete it. In all cases, the planninghe second run, lower priority targets were deleted due
and execution system attempts to preserve as many higlo more power being used in early traverses than ex-
priority science targets as possible with current resourc@ected. The software presented in this paper (planning,
and time settings. scheduling, execution, feature extraction and data anal-
ysis) operated correctly in all cases and caused no un-
3.1 Discussion of Test Results desirable behavior. In general, the rovers operated fully
We are in the process of developing a formal evaluatiorRutonomously and traveled over 40 meters.

process by which we will be able to obtain quantitative  While the system performed well during testing, we
measurements of how well our system provides robushave identified some areas for in which the system’s han-
and opportunistic planning and execution. At this pointdling of uncertainty could be improved. While the plan-




ning system can respond appropriately when activities de@hanging conditions and goals. The CPS planner gener-
not run in the estimated time (whether they take moreates contingent plans which are then executed onboard a
time or less time than predicted) it would be better if rover and can be modified at certain points if failures oc-
the system could make more accurate predictions as theur[Bresinaet al,, 1999. Since only a limited number of
planner could do a better job optimizing the value of thecontingencies can be anticipated, our approach provides
mission plan. This would reduce the time the plannemmore onboard flexibility to new situations. If a situation
spends replanning and, in some cases, could result iaccurs onboard for which there is not a pre-planned con-
higher quality plans. As an example of how this couldtingency, the rover must be halted to wait for communi-
result in higher quality plans, consider the case whereation with ground.

activities take less time than the planner predicts. If the

planner overestimated the duration of activities, it might5  Conclusions

leave out a low priority science goal near its starting posi- . : . .
tion because it gstimgted there%vould be insuf“ficie(‘?wtptimeOASIS supports opportunistic science by integrating

to accomplish the goal. However, by the end of the plandai2 analysis algorithms, which identifies potentially
Wterestmg science measurements, with planning and

the planner finds it had more time than expected and ca ; ; "

now include additional goals. However there may be in_schedulmg algorithms, which enables the rover to re-

sufficient time at this point to go back to that earlier goal, SPONd 10 these new requests. Our current system has
been tested with several scenarios in simulation and on

If the planner had a more accurate prediction of activity rototvoe rover hardware. In these scenarios we demon-
durations it would have known to include the goal in its P yp e -
strate the systems ability to respond appropriately to

schedule and would have completed it earlier on. ; : !
The challenge in making such predictions is that theproblems with plan execution and to exploit unexpected

duration of traverse activities depend on the nature O]ppportunmes that might arise.

the terrain and the amount of obstacles the rover will en- Clurrehntly, i?e pI?nnetr pre?erves the ?”g.";.al mission
counter, which can be difficult to predict ahead of time, 30&'S When atlempting 1o periorm OpportunIStC Sclence.

A possible solution may be to allow the rover adjust itswe will relax this constraint and allow the system to use

redictive model of its activities based on its experience” riorities to determine when it is appropriate to achieve
P P opportunistic science at the cost of existing goals. There

during mission. Techniques such as regression tree Iearlgl-

ina have been shown to allow robots to learn such predic2 € significant challenges with introducing autonomous
ng L . P techniques into the mission operations culture. We are
tive models for navigation actions. CITE

. - taking steps to address this by introducing MER scien-
Another improvement would be to explicitly reason Ing Step 'S BY | ucing !

. o . tists to off-line versions of our software.
about the uncertainty of activities. This would enable
the planner to make tradeoffs between actions that ma
result in the collection of valuable science but may have%‘CknOWledgments
a high uncertainty in the outcome. The research described in this paper was carried out
at the Jet Propulsion Laboratory, California Institute of
Technology, under a contract with the National Aeronau-
4 Related Work tics and Space Administration. This work was funded by

The objectives of OASIS are similar to those of the Au- the NASA Intelligent Systems program and the JPL In-
tonomous Sciencecraft Experiment (A9Bherwoodet  terplanetary Network Directorate. We W|s_h to thank the
al., 2003 which also uses science analysis to generat®ther members of the OASIS team for their work on fea-
additional goals for a planner. OASIS differs from ASE ture extraction and data analysis and the CLARAty team,
in the types of feature extraction and data analysis thagspecially Issa Nesnas and Max Bajracharya, for their as-
are performed. In addition, while ASE has focused onsistance with the rover.
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